Prior research documents the relatively low explanatory power of the earnings-return association in traditional models that regress returns on levels and changes in earnings. However, these studies fail to consider the impact of variation in discount rates, or risk, as a possible cause of the low explanatory power. In this study, I investigate the impact of controlling for risk on the explanatory power of the earnings-return relation. I begin by estimating two related regression models of annual returns on earnings and changes in earnings drawn from prior research. Then, to examine whether controlling for risk affects the explanatory power of the regressions, I sort observations into portfolios formed on various risk proxies, including market beta, firm size, earnings/price ratio, two implied cost of equity capital proxies , and the combination of beta and firm size. I document higher average adjusted R 2 s that suggest a 30% increase in explanatory power, and larger average coefficient estimates of earnings, when I estimate the return-earnings regressions within risk portfolios than those of the Easton and Harris and Easton and Pae models. These findings suggest that controlling for cross-sectional variation in risk, a denominator effect, improves the explanatory power of the model.
Introduction
expresses concern about the low explanatory power of earnings in the earnings/return association. Several studies investigate possible causes for the low explanatory power, including the omission of earnings levels (Easton & Harris,1991) , lack of control for earnings conservatism (Easton & Pae, 2004) , noise and lack of timeliness in earnings (Collins, Kothari, Shanken, & Sloan, 1994) , lack of information content of losses (Hayn, 1994) , and measurement error (Easton, Harris, & Ohlson, 1992) . Common to these studies is a focus on controlling for cross-sectional variation in factors that affect the "numerator" (future cash flows) of the pricing equation, with little discussion of the potential impact of differences in risk across firms and years. I add to this literature by investigating the effect of controlling for cross-sectional variation in priced risk on the explanatory power of the model. I document a significant increase in the overall explanatory power of the returns-earnings regression estimated within portfolios formed on various risk characteristics relative to regressions estimated without controlling for risk. Accordingly, I conclude that it is important to consider cross-sectional variation in both the numerator and denominator of the pricing equation (i.e. forecasts of future cash flows and risk) when regressing returns on earnings.
I compare the average R 2 from estimating the earnings-return regression models within risk-based portfolios to the R 2 s using two models drawn from prior research. The 'basic' model is based on Easton and Harris (1991) (EH) and includes controls for both earnings levels and changes. The 'full' model, based on Easton and Pae (2004) (EP) , expands the set of explanatory variables by including proxies for accounting conservatism. The models employed in these earlier studies control for cross-sectional variation in expected future cash flows, but do not consider controls for cross-firm variation in risk. I use various risk proxies, including market beta, firm size (natural log of market value of equity), earnings/price ratio (E/P), and implied cost of equity capital r DIV and r PEG , to sort firms into risk-based portfolios. Using lagged values of our various risk proxies, I sort firms into risk deciles and estimate the earnings-return regression models for each decile. In addition to considering risk factors individually, I form portfolios using the combination of risk factors. Specifically, I form portfolios based on both market beta and firm size. I employ several alternative risk proxies in the research design to reduce concerns regarding the sensitivity of my results to the choice of proxy. The risk proxies I employ are: (1) market beta, (2) firm size, (3) earning/price (E/P) ratio, (4) implied cost of equity capital derived from the dividend discount formula (r DIV ), and (5) implied cost of equity capital derived from the price-earnings growth model (r PEG ). In addition, I form portfolios on the basis of the combination of two risk factors: market beta and firm size. The following paragraphs discuss each of my approaches to forming risk-based portfolios in turn. Throughout my analysis, I assign the least risky firms to decile 1 and the most risky firms to decile 10.
3.3Market Beta Based Portfolios
The Capital Asset Pricing Model (CAPM) indicates that risk is increasing in market beta (Lintner, 1965; Mossin, 1966; Sharpe, 1964) . Accordingly, I employ market beta to proxy for risk and allocate firms to deciles based on each firms' market beta computed as of the year prior to the year I estimate the earnings-return regression model. I place firms with the lowest market beta (i.e. the least risky firms) in decile 1 and those with the highest market beta (i.e. the most risky firms) in decile 10. Following prior literature, I use CRSP data to estimate market beta using the market model.
Size Based Portfolios
Berk (1995) argues that the market value of equity and risk are inherently inversely related. If two firms with different risk profiles have the same expected future cash flows, market value of equity will be lower for the riskier firm because its future cash flows are discounted at a higher cost of equity capital. Accordingly, I employ the market value of equity to proxy for risk and allocate firms to deciles based on the natural log of their market value of equity (P jt ) at December 31 of the year prior to the year I estimate the earnings-return regression model. I place the firms with the largest market value of equity (i.e. the least risky firms) in decile 1 and those with the smallest market value of equity (i.e. the most risky firms) in decile10. I obtain these data from COMPUSTAT.
E/P Based Portfolios
Prior research suggests that the earnings/price (E/P) ratio is a reasonable proxy for risk. Basu (1983) finds a positive relation between average returns and E/P ratios. Ball (1978) proposes that E/P is a "catch-all" proxy for all unnamed sources of risks. Fama and French (1992) (FF) also use E/P ratio as a risk proxy in their study. Botosan (1997) indicates that the E/P ratio adjusted for growth and dividend payout ratio can be used to estimate cost of equity capital. Under certain assumptions (i.e. zero growth rate and 100% dividend payout ratio) the E/P ratio is identical to the firm's cost of equity capital. The assumptions required to link E/P to risk are often violated, however, and consequently this variable is also used to proxy for other firm characteristics, most notably, growth opportunities. Moreover, prior research argues that the abnormal profits arising from growth opportunities erode as competition enters the market place, such that abnormal earnings derived from growth opportunities are inherently more risky (Beaver, Kettler, & Scholes, 1970) .
My inability to distinguish between risk and growth opportunities as captured by the E/P ratio is problematic in the context of my study. Cross-sectional variation in growth opportunities could impact the numerator of the pricing equation (1), not the denominator, which is the effect I intend to focus on. Nonetheless, given the prior use of this variable to proxy for risk, I include it among my set of alternative proxies for risk. The interpretation of the results, whether the increase in the adjusted R 2 when controlling for cross-sectional variation in E/P is due to the numerator or the denominator effect, may be open to debate. I form portfolios based on the lagged ratio of comprehensive earnings (x t ) per share to stock price at the fiscal year end. I allocate firms with the smallest (the least risky) E/P ratio in decile 1 and those with the largest E/P ratio (the most risky) in decile 10.
Implied Cost of Equity Capital Based Portfolios
I employ two implied cost of equity capital proxies, r DIV and r PEG , based on the findings in Botosan and Plumlee (2005) (BP) . BP find that these proxies are consistently and predictably associated with various proxies for firm-specific risk in the manner suggested by finance theory. The procedures I use to estimate r DIV and r PEG mirror those followed by BP. To estimate r DIV I employ the following model:
Where 0 P is price at time t=0, r DIV is estimated cost of equity capital, t dps is dividends per share, and 5 P is price ijbm.ccsenet.org International Journal of Business and Management Vol. 12, No. 9; 2017 42 at time t=5. I collect dividend forecasts and target price estimates from Value Line during the third quarter of the calendar year. I allocate firms to deciles based on their r DIV estimate from the prior year. Since BP show that r DIV is positively correlated with market beta and negatively correlated with firm size I conclude that higher r DIV implies higher risk. I place those with the smallest (largest) r DIV estimates in decile 1 (10). Thus, consistent with the portfolios formed on the basis of my other risk proxies firms with the least (most) risk are placed in portfolio 1 (10).
To estimate my second implied cost of equity capital risk proxy, r PEG , I rely on the PEG ratio method (Easton, 2004; Ohlson & Juettner-Nauroth, 2003 P is price at time t=0, R PEG is estimated cost of equity capital, and t dps is forecasted earnings per share.
I allocate firms to deciles based on their r PEG estimate from the prior year. I place firms with the smallest r PEG (the least risky) in decile 1 while those with the largest r PEG (the most risky) in decile 10.
Market Beta/Size Based Portfolios
I also form portfolios based on the combination of market beta and market value of equity because if beta and size capture different aspects of risk the combination of the two risk proxies should provide more explanatory power than if using either proxy alone. I use a two-step process to form the portfolios. First I sort observations into quartiles based on lagged market beta. Next, I divide the data within each quartile into quartiles based on lagged natural log of market value of equity (size). This obtains sixteen "beta/size" based portfolios. Firms with the smallest market beta and largest market value of equity (i.e. the least risky firms) reside in the first portfolio and those with the largest market beta and smallest market value of equity (i.e. the most risky firms) populate the last portfolio. The data sources and computational methods I employ in this analysis are the same as the ones I use to form the market-beta portfolios and size portfolios described previously.
Sample Selection and Descriptive Statistics
My sample selection begins with all CRSP and COMPUSTAT firm-year observations from fiscal years 1988 through 2013 for which I have sufficient data to compute the following items: annual returns (R), comprehensive income (x), dividends (d), cash investments (ci), and operating assets (oa). The definition of these variables is the same as described in the research design section.
My sample selection procedures mirror those found within earnings-return literature. I begin by excluding observations with negative values for book value of equity, forecasted book value, or market value of operating assets. I also exclude utilities (SIC 4900-4999) and financial institutions (SIC 6000-6411) from my analysis. To mitigate the effect of outliers, I delete observations in the top and bottom one percent of the distribution for any one of the following variables: annual returns, earnings levels, changes in earnings, lagged dividends, change in cash investments, and change in lagged operating assets. For each risk proxy sample distribution, I first delete observations in the top and bottom one percent of the lagged value of the proxy in order to mitigate the effect of extreme values. I then merge the individual risk proxy sample with the trimmed COMPUSTAT and CRSP data to create the sample set I use for my analysis.
The final sample consists of 93,913 firm-year observations with data to form annual returns, earnings, earnings changes, changes in cash investments, and changes in lagged operating assets. Because of data restrictions in estimating my risk proxies, the sample size I use to run the basic and the full annual regression models within the risk portfolios varies depending on the risk proxy used to form the portfolios. For example, I have 70,896 firm-year observations with sufficient data to estimate regressions within portfolios formed on market beta, but only 11,403 observations with the data to estimate regressions within portfolios formed on lagged r DIV and r PEG . The sample size for estimating regressions within portfolios formed on size is 79,708. Finally, I have 77,650 observations when I estimate regressions within portfolios based on earnings/price ratios. Table 1 provides descriptive statistics that are based on data pooled across years. The values are generally similar to those reported in Easton and Pae (2004) . The median market value of equity is $213.229 million while the mean is $3103.950 million, suggesting that the mean is skewed by extreme observations. The mean and median annual raw stock returns are 12.7% and 3.7%, respectively, which are in line with prior research. Median net comprehensive income and change in net comprehensive income are 4.0% and 0.5%, respectively, of the beginning market value of equity. Median lagged dividends are zero. The mean and median changes in cash investments are 0.4 % and 0.2%, respectively. The change in operating assets is positive, implying that operating assets are generally increasing.
The mean and median beta estimates are 1.083 and 1.005, respectively, indicating that in general my firms are risky. Median r DIV and r PEG are 14.1 % and 10.9 %, which are close to the range of average cost of equity capital of 11.0% to 14.0% reported in previous research. The mean and median earnings/price ratios are zero and 4.0%, indicating that firms, on average, have positive earnings. Table 2 presents Spearman correlation coefficients among key variables. In Panel A, the correlations between annual realized returns and most independent variables are significant at the 0.05 level or greater. In Panel B, I report the correlation coefficients among various risk proxies. The highest correlation between any two risk proxies is between the two implied cost of equity capitals r DIV and r PEG (coefficient of 0.608). Consistent with BP (2005), the r DIV and r PEG are significantly negatively correlated with size, reflecting the established empirical evidence that size is inversely related to risk. However, in contrast to BP (2005) and others, who observe a significant negative correlation between market beta and firm size, I report a significant positive correlation of 0.019 between the two proxies. This result could suggest (1) that market beta and size capture some common underlying risks of the firm, and (2) that the measurement of beta or size is noisy.
Inconsistent with earlier studies, market beta is insignificantly correlated with the implied cost of equity capitals r DIV and r PEG . E/P ratio is negatively correlated to market beta (coefficient of -0.038) and r PEG (coefficient of -0.141). E/P is negatively correlated with r DIV but the correlation is not significant. Moreover, size is significantly positively correlated with E/P (coefficient of 0.172) when I expect to see a negative correlation between the two proxies if E/P is a proxy for risk as suggested in prior literature. These results could suggest that E/P ratio is an inverse measure of risk, i.e., the higher the E/P ratio, the lower the risk, which is contradictive to some previous studies (Basu1983 ; Ball 1978; Fama and French 1992) , but is in line with Penman (1993) who proposes that the E/P ratio is not a good proxy for cost of capital. If E/P is an inverse measure of risk, then P/E, the price to earnings ratio, could be a measure of risk related to growth as suggested in previous studies.
In Panel C of Table 2 , I report the Spearman correlation coefficients among realized returns and risk proxies. Contrary to prior research, returns are negatively correlated with market beta (coefficient of -0.020) and are positively correlated with size (coefficient of 0.040). As expected, returns and r PEG are positively correlated while the correlation between returns and r DIV are insignificant. Finally, although returns and E/P are positively correlated as indicated in Basu (1983) and Ball (1978) , the positive correlation is unexpected given the negative correlation between E/P and beta and the positive correlation between E/P and size (assuming beta and size are reasonable proxies for risks as suggested in prior literature).
In sum, the results in Table 2 reflect three major contradictions between my results and previous studies. First, market beta and size should not be positively correlated. Second, returns and size should not be positively correlated. My best interpretation for these two findings in my study is that my measurement of the constructs is ijbm.ccsenet.org
International Journal of Business and Management Vol. 12, No. 9; 2017 noisy. Because of the problems with beta and size, I cannot conclude whether the relationship among these two proxies and other risk measurements, i.e., the positive correlation between size and E/P, is consistent with prior studies. As for the negative correlation between returns and beta, the third concern of my findings, I propose that it is because realized returns are not good proxies for expected returns (Elton, 1999) . Lakonishok (1993) concludes that it would take 60 years of realized returns for all the firms in the market to have sufficient statistical power to prove that market beta is a priced risk factor. Note. The non-bold-faced values are statistically significant at 0.05 level.
Empirical Results
I present the empirical results in Table 3 to Table 3 to Table 7 , I also report the average coefficient estimates and the Fama-MacBeth t-statistics from the regressions within each decile.
In general I find improved explanatory power of the basic and the full model when sorting observations into portfolios. In most of the regressions except when portfolios are sorted on E/P ratio, earnings levels are related to returns and the coefficients of earnings for the portfolio regressions are larger than those from the comparison models without sorting data, while changes in earnings are related to returns only in some of the regressions (i.e., when portfolios are formed on beta and size). Dividends are not value relevant in all situations in my study. Different from Easton and Pae, who document positive correlations between realized returns and changes in cash investments, the proxy for accounting conservatism, I document weak correlation between the two variables in regressions within risk portfolios. The result may suggest that changes in cash investments are correlated with risk so once I control for risk the variable loses its explanatory power. Table 3 Panel A presents the results of regression (3), the basic model, within deciles formed on lagged market beta. Consistent with my expectations, I find increased explanatory power of the basic model (R 2 ) when I control for beta. The average adjusted R 2 of the regressions sorted by beta risk is 11.6% versus 10.9% when no sorting is done, an increase in explanatory power of almost 7%. I document no evidence of a monotonic relation between the magnitude of the risk proxies and the improved explanatory power: the highest adjusted R 2 s are in deciles 2 and 1 and the lowest adjusted R 2 s are in deciles 4 and 10.
The Impact of Controlling for Beta
The average coefficient on earnings (coefficient of 0.741) when the regression is estimated within risk portfolios is greater than when no sorting is done (coefficient of 0.704). Similarly, the average coefficient of earnings changes (coefficient of 0.533) in the risk sorted portfolios is larger than when no sorting is done (coefficient of 0.521) and it is significant. In both the sorted and non-sorted cases dividends do not provide significant explanatory power.
In examining the coefficient estimates on earnings and earnings changes across deciles, I note that the average magnitude of the coefficient on earnings (β 1 ) and changes in earnings (β 2 ) is similar between the less risky firms (deciles 1-5) and the more risky firms (deciles 6-10). This finding may suggest that the marker puts equal weight on earnings once controlling for risk in explaining the returns-earnings relation.
Panel B of Table 3 presents the results from regression (4), the full model, for each of the years from 1988 to 2013 within the risk portfolios formed on lagged beta. Similar to those in Panel A, the impact of controlling for risk on the explanatory power of the earnings-return relation is clear. The average adjusted R 2 of the 10 deciles is 12.4% compared with 11.5% for the same model without sorting into beta portfolios, an increase in the explanatory power of about 8.0%. Again, contrary to my expectation, I do not see proof of monotonic increase in adjusted R 2 in the magnitude of the risk proxy.
I observe that coefficients on earnings are significantly different from zero while coefficients on dividends and changes in lagged operating assets are not. It is interesting to note that the coefficients on changes in cash investments are weakly significant in 9 out of 10 deciles and the average coefficient on cash investments across the portfolios is significantly different from zero. Table 4 presents the results of annual regressions of equations (3) and (4) for each of the years from 1988 to 2013 estimated within portfolios formed on size as well as results of the EH and EP models with the same observations but without sorting observations into deciles. The results are very similar to those in Table 3 . In Panel A, the average adjusted R 2 for the portfolio regressions is 11.9% versus 10.8% for EH model when no sorting is done. The average coefficients of earnings of 0.948 is larger than the average coefficient of earnings of 0.674 for the EH model. Different than results in Panel A of Table 3 , the average coefficients of earnings for lower risk deciles (β 1 ) are larger than those for the higher risk deciles while the average coefficients of changes in earnings (β 2 ) do not vary monotonically with the magnitude of the risk proxy of size. It is noted that the average coefficient of changes in earnings of 0.479 is significant, suggesting that changes in earnings are also value relevant when the market evaluates firms by their size.
The Impact of Controlling for Size
In Panel B, the mean adjusted R 2 of the regression estimates of equation (4) across the 10 portfolios is 12.7 % versus 11.4 % for the Easton and Pae model which does not incorporate the variation in risk across firms, an increase of about 12% in the explanatory power of the model. Unlike when portfolios are sorted by the beta risk proxy, the coefficients on changes in cash investments are insignificant in 4 out of 10 portfolios but it remains significant on average (t-stat of 2.28).
The similar results in Table 3 and Table 4 echo the positive correlation of 10.3% between market beta and size reported in Table 2 , Panel B. Although it is contradictive to prior studies, the two risk proxies seem to capture ijbm.ccsenet.org International Journal of Business and Management Vol. 12, No. 9; 2017 some common underlying risks of the firms in the paper. Table 5 reports the results of annual regressions of equations (3) and (4) for each of the years from 1988 to 2013 within portfolios formed on the ratio of comprehensive earnings (x t ) per share to fiscal year end price (p t ). In Panel A, the results suggest that the portfolio model fits much better than the pooled annual regression model of Easton and Harris. The mean adjusted R 2 increases to 12.5 % for the portfolio regressions from 11.1%, an increase in explanatory power of about 13.0%. In Panel B, I see similar results. The average adjusted R 2 for the portfolio regression is 13.4 % versus 11.7% for the pooled Easton and Pae model, suggesting a 15.0 % increase in explanatory power. Further, the adjusted R 2 in both panels generally increases as the magnitude of the risk proxy increases from decile 1 to decile10, suggesting that the impact of controlling for E/P on the explanatory power of the model is positively correlated with the magnitude of E/P. Two interesting findings are worthy of mention. First, unlike when portfolios are formed based on beta and size, the average intercepts for the 10 deciles with both the basic and the full model become insignificant. Second, the coefficients of earnings are only significant in 5 out of 10 deciles in Panel A and Panel B. These results suggest that earnings become less value relevant when controlling for cross-sectional variation in E/P. Table 6 and 7 report the results of annual regressions of equations (3) and (4) for each of the years from 1993 to 2004 within portfolios formed on r DIV and r PEG . The impact of controlling for risk is most evident when regressions are estimated within portfolios formed on r DIV . In Panel A, the average adjusted R 2 of the regressions estimated within portfolios formed on r DIV (r PEG ) is 12.3 % (11.8%) versus 9.7% (9.7%) when regressions are estimated without sorting observations into decile. In Panel B of both tables, the adjusted R 2 for the portfolios regressions are also higher than those for the pooled EP regressions. It is noted that in Panel B of Table 6 , the adjusted R 2 for the portfolio regressions increases to 13.0% from 10.0% for the EP model, an increase of 30% in the explanatory power.
The Impact of Controlling for the Earnings to Price (E/P) Ratio

The Impact of Controlling for Implied Cost of Equity Capital
Both earnings and earnings changes are significant explanatory variables in the earnings-return relation when regressions are estimated within portfolios formed on r DIV , but the coefficient on earnings changes is not significantly different from zero when observations are sorted into deciles based on r PEG (Panel A&B of Table 7 ). This result is consistent with the results in Table 5 , where portfolios are formed on E/P ratio, because r PEG captures risks associated with earnings growth (BP 2005 ) and E/P ratio could also capture risks related to growth. However, if both r PEG and E/P ratio are reasonable proxies for risks associated with growth, it would be difficult to explain why r PEG and E/P are negatively correlated as reported in Panel B of Table 2 .
In Panel A and B of both Table 6 and 7, the average coefficients of earnings (β 1 ) are larger than those for the EH and EP regressions. In addition, the average coefficients of earnings for firms in the lower risk decile (decile 1 -6) are generally larger than those in the higher risk deciles (deciles 7-10). These results suggest that earnings are more value relevant when controlling for cross-sectional variation in risk, and that the market put more weight on earnings levels for firms with lower risk than firms with higher risk. Table 8 summaries the results of estimates of annual regressions for each of the years from 1988 to 2013 within the sixteen portfolios sorted on the combination of beta and size. For the sake of brevity I only report the average of the coefficient estimates across the portfolios as well as the average results of the EH and EP pooled models. As predicted, the explanatory power of the model increases when controlling for cross-sectional variation in risk. In Panel A, the average adjusted R 2 (12.3%) of the annual regression estimates across the sixteen portfolios is greater than the average adjusted R 2 (10.9%) of the annual regression estimates of equation (3) with the same observations but without sorting. Consistent with my expectation, the mean adjusted R 2 of 12.3 % is slightly larger than the mean adjusted R 2 of 11.6% and 11.9% for regressions estimated within portfolios formed on beta and size (reported in Panel A of Table 3 and 4) alone.
In Panel B of Table 8 , I see very similar patterns of results to those in Panel A. The average adjusted R 2 (13.1%) of the annual regression estimates within portfolios formed on beta and size is greater than that of the same model with the same observations but without sorting the data into portfolios (Adjusted R 2 of 11.5%). Similarly, the average adjusted R 2 of 13.1% is larger than that for regressions estimated based on portfolios formed on beta (mean adjusted R 2 of 12.4% as reported in Panel B of Table 3 ) and that for regressions estimated based on portfolios formed on size (mean adjusted R 2 of 12.7% as reported in Panel B of Table 4 ). These results suggest that combining beta and size may provide incremental explanatory power of the earnings/returns model over beta or size alone. The last thing in Table 8 that needs to be discussed is that consistent with those results in previous tables, the average coefficient on earnings for regressions estimated within risk portfolios are larger than that for the same model estimated without sorting data. It is interesting to note that the explanatory power of the model (the average adjusted R 2 ) increases as the magnitude of beta increases and the magnitude of size decreases (results are not tabulated here). This result suggests that as the magnitude of risk increases, the explanatory power of the model increases, which is in line with my prediction. Lev (1989) expresses concern with the low explanatory power of the earnings-return association and points out that the instability of discount rate may be one of the reasons. However, previous studies of the earnings-return relation fail to consider the impact of cross-sectional variation of risk on the coefficient estimates of earnings and the explanatory power of the model. I investigate the denominator effect, the impact of risk, on the value relevance of earnings in the earnings-return association. I estimate the Easton and Harris model and the Easton and Pae model from previous studies within portfolios formed on various risk proxies, including market beta, size, earnings/price ratio, implied cost of equity capital r DIV and r PEG , and the combination of market beta and size. In general, I find pervasive evidence that controlling for cross-sectional variation of risk increases the explanatory power of the earnings-return regression model. I document an average adjusted R 2 of 30.0 % higher when I estimate the models within portfolios sorted on risk than when I do not sort the observations. I observe a ijbm.ccsenet.org International Journal of Business and Management Vol. 12, No. 9; 2017 larger average coefficient of earnings when I estimate regressions within portfolios formed on various risk proxies. I conclude that it is important to control for both variations in cash flows (the numerator effect) and variations in risk (the denominator effect) when regressing returns on earnings.
Conclusion
